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Nonrigid Surface Modelling and Fast Recovery

Abstract

Modelling and recovering nonrigid surface are interesting research problem for image analysis and computer
vision, which can be applied in a variety of applications. In this report, two different approaches to nonrigid
surface recovery have been proposed. One is based on the appearance models, the other employs the local
features.

As for the appearance-based method, a two-stage scheme method is presented for online nonrigid surface
recovery toward Augmented Reality (AR) applications using Active Appearance Models (AAMs). First, 3D shape
models are constructed from AAMs offline, which do not involve processing of the 3D scan data. Based on the
computed 3D shape models, an efficient online algorithm is proposed to estimate both 3D pose and non-rigid shape
parameters via local bundle adjustment for building up point correspondences. This approach, without manual
intervention, can recover the 3D non-rigid shape effectively from either real-time video sequences or single image.
The recovered 3D pose parameters can be used for AR registrations. Furthermore, the facial feature can be tracked
simultaneously, which is critical for many face related applications. Promising experimental results demonstrate
the proposed scheme is effective for real-time AR applications.

For the feature-based approach, a progressive finite Newton optimization scheme is proposed for the nonrigid
surface detection problem, which is reduced to only solving a set of linear equations. The key of this method is to
Sformulate the nonrigid surface detection as an unconstrained quadratic optimization problem which has a closed-
form solution for a given set of observations. Moreover, a progressive active-set selection scheme is employed,
which takes advantage of the rank information of detected correspondences. Extensive experiments have been
conducted for performance evaluation on various environments, whose promising results show that the proposed

algorithm is more efficient and effective than the existing iterative methods.
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Chapter 1

Introduction

1.1 Introduction

Nonrigid surface modelling and detection are essentially the computer vision tasks in a variety of applications
in image alignment, medial imaging, augmented reality, human computer interaction and digital entertainment.
Extensive research efforts in the computer vision domain have focused on the problems related to deformable
object modeling and tracking [2, 7, 34, 42, 43, 45, 46]. Such interests in deformable object tracking are closely
related to problems such as image registration, feature matching and object recognition.

For the nonrigid surface, the regularized deformable models are vitally important for dealing with the problem
of the many outliers and ill-posed optimization, and thus are able to make the problem tractable by constraining the
search space. Various regularization methods have been proposed in the literature, such as the Thin-Plate Spline,
the Finite Element Model (FEM) and the data embedding method. The Thin-Plate Spline is well-known interpola-
tion method widely used in point set registration, and mainly penalizes the second order derivatives. Alternatively,
the FEM based regularization approach has been extensively studied in [13, 34, 18, 46], which reported promising
results in fitting noisy image data and handling deformable 3D objects. Using the FEM models, the nonrigid
surface should be explicitly represented by a triangulated mesh. Finally, the data embedding techniques, such as
Principal Component Analysis (PCA) [41, 42], can also be engaged as the regularization technique.

As for a successful nonrigid surface detection algorithm, it can be applied to many applications. For example,
Active Appearance Models was employed as the face alignment tool in face annotation and face recognition [44],
and re-texture a person’s face, as shown in Fig. 1.1. Moreover, the nonrigid surface registration can be applied to

some more generic and deformable objects, as shown in Fig. 1.2.



(a) Face alignment [44] (b) Re-texturing a face [42]

Figure 1.1. Applications of the Active Appearance Models

(a) T-shirt (b) Paper

Figure 1.2. Detecting nonrigid surfaces in real-time video [46]. (b) T-shirt. (d) A piece of paper.

1.2 Contributions

This report intends to develop the techniques that can effectively and efficiently represent and recovery the
nonrigid surface. To this end, two different approaches have been proposed. The main contributions of this report

can be further described as follows:

o Appearance-based method. In [42], an efficient online algorithm is proposed to estimate both 3D pose
and non-rigid shape parameters via local bundle adjustment for building up point correspondences. The
proposed approach, without manual intervention, can recover the 3D non-rigid shape effectively from either
real-time video sequences or single image. The recovered 3D pose parameters can be used for Augmented
Reality registrations. Furthermore, the facial feature can be tracked simultaneously, which is critical for

many face related applications, such as automated face modelling [45].

o Feature-based method. In [46], a novel progressive finite Newton approach is proposed to tackle the
nonrigid surface detection, which is based on the feature correspondences. Moreover, a 2D deformable mesh
model is used to constrain the surface deformation. This method has been evaluated on various applications,

such as real-time re-texturing the nonrigid surface and medical image registration.



1.3 Organization

This report presents two different approaches to the nonrigid surface modelling and fast recovery. One is an
appearance-based method, the other is based on the feature correspondences. The rest of this report is organized as
follows. Chapter 2 presents a novel two-stage scheme for online nonrigid surface recovery through fitting Active
Appearance Models (AAMs). This method has been applied to Augmented Reality applications and re-texturing a
human face. Chapter 3 propose a progressive finite Newton optimization scheme for automatically recovering the
nonrigid surface. In contrast to the state-of-the-art method [34], the proposed method more efficient. Moreover, it
easy to be implemented, and does not require tuning the viscosity parameters. Note that each chapter of this report

is intended to be self-contained.



Chapter 2

Two-stage Scheme with Active Appearance

Models

In this chapter, we propose a novel two-stage scheme for online nonrigid surface recovery toward AR applications

using Active Appearance Models (AAMs).
2.1 Previous Work and Motivation

The objective of Augmented Reality (AR) is to integrate virtual objects into real-world video sequences, en-
abling computer generated objects to be overlaid on the video in such a manner as to appear part of the viewed
3D scene. Recently, some well-known AR toolkits have been developed for AR applications [21]. Although these
tools have facilitated the AR applications to obtain good registration data automatically and robustly, it is still a
challenging and open issue to keep track of objects with their movement, orientation, size, and position accurately
in AR applications. This critical requirement also results in an important problem, i.e., determining the position
and orientation of an object, which plays an important role in many research areas such as robotics, computer
vision, computer graphics.

In the subsequent part we describe some recent advances of technologies for object tracking and shape recovery
in the computer vision community. Along with the introduction of previous work, we provide the motivation and
brief introduction of our work in this chapter particularly for AR applications.

L. Vacchetti et al. [38] proposed an efficient real-time solution for tracking rigid objects in 3D scene using a
single camera. They demonstrated that the virtual glasses and masks can be added on to the head. Since they
employed a rigid 3D model, the local facial feature was not able to be located and tracked. In addition, a few

keyframes were required to make the tracker more robust. L. Vacchetti et al. pointed that it was very convenient

4



to estimate the camera position from a single image in order to initialize the tracker and to recover the failure
automatically. Active Appearance Models based approaches [9, 10, 35] provide a good solution to recover the
2D affine pose parameters along with the feature points from single image. Recently, researchers [29, 1, 41] have
attempted to build the AAM with three dimensions.

P. Mittrapiyanumic [29] proposed two AAMs algorithms for rigid object tracking and pose estimation. The
first method is to utilize two instances of AAM to track landmark points in a stereo pair of images and perform
3D reconstruction of the landmarks followed by 3D pose estimation. The second method, i.e., AAM matching
algorithm, is an extension of the original AAM that incorporates the full six degrees of freedom pose parameters as
part of the parameters for the minimization. The results showed that the accuracy in pose estimation of appearance
based methods is better than the methods using the geometric approach. J. Ahlberg [1] proposed an approach
using the 3D AAM for face and facial feature tracking, in which the depth information of 3D shape was acquired
by fitting a generic model. In addition, the pose parameters were estimated from a motion tracker, then the shape
model parameters were recovered by AAM fitting.

Jing Xiao et al. [41] proposed a non-rigid structure-from-motion algorithm that could be used to convert a 2D
AAM into a 3D face model. They then described how a non-rigid structure-from-motion algorithm was able to
be employed to compute the corresponding 3D shape models from a 2D AAM. Their method did not require
3D range data in [4] and also shared fast fitting speeds. They then showed how the 3D modes could be used
to constrain the AAM so that it could only generate model instances, but also could be generated with the 3D
modes. Their fast fitting algorithm mainly benefited from the projection-out method and Inverse Compositional
update strategy, thus the Jacobi matrix was constant. However, the approximation that the shape Jacobi matrix was
made orthogonal to the texture Jacobi matrix, was only valid for few texture modes. Only shape parameters were
recovered iteratively, and the texture parameters were recovered linearly in one step. In addition, the recovered
pose parameters were not accurate enough, mainly because the pose parameters were compensated by the shape
variations. A weak perspective camera model was employed in order to decrease the computational cost, and the
full perspective camera model was necessary for the common AR applications. These may limit their applications

particularly for AR applications.

2.2 Overview

Here is the overview of the proposed approach. First, we construct 3D shape models from AAMs offline,
which do not involve processing of the 3D scan data. Based on the computed 3D shape models, we propose an

efficient online algorithm to estimate both 3D pose and non-rigid shape parameters via local bundle adjustment



for building up point correspondences. Our approach, without manual intervention, can recover the 3D non-rigid
shape effectively from either real-time video sequences or single image. The recovered 3D pose parameters can
be used for AR registrations. Furthermore, the facial feature can be tracked simultaneously, which is critical for
many face related applications. We evaluate our algorithms on several video sequences. Promising experimental
results demonstrate our proposed scheme is effective and significant for real-time AR applications.

In this chapter, we present a novel scheme of real-time non-rigid shape recovery via active appearance models
for augmented reality applications. The rest of this chapter is organized as follows. Section 2 reviews the AAM
algorithm and describes an extended AAM matching algorithm which predicts shape directly from texture for im-
proving the accuracy of AAM searching. Section 3 presents our proposed scheme. We first provide an overview
of our scheme in the context of augmented reality applications in Section 3.1. Then Section 3.2 describes how to
construct the 3D shape models based on the 2D AAM tracking results. Section 3.3 presents a novel and efficient
algorithm for online estimation of 3D pose and non-rigid shape parameters simultaneously via local bundle ad-
justment. Section 3.4 gives our experimental results and the details of our experimental implementation. Section 4
discusses the critical requirements of real-time AR applications, several major differences of our proposed scheme
compared with previous work, and the advantages of our scheme particularly for AR applications as well as the

disadvantages and our future work. Section 5 sets summarizes this chapter.

2.3 An Extended AAM Matching Algorithm

The Active Appearance Models (AAMs) [9, 10, 35, 1] have been proven as a successful method for matching
statistical models of appearance to new images. AAMs are taking the analysis-through-synthesis approach to
the extreme. This approach has been successfully applied in numerous different applications. AAMs establish
a compact parameterizations of object variability, as learned from a training set by estimating a set of latent
variables. The modelled object properties are usually shape and pixel intensities. There are several modifications
for the basic AAM algorithm [10]. One approach was the Direct Appearance Model (DAM) for improving the
convergence speed and searching accuracy by predicting the shape directly from the texture [17]. In the following,
we first review the background of the original AAM approach and the improved DAM method. Based on the DAM

method, we describe an extended algorithm for AAM matching in our scheme.



The algorithm of AAM Matching

1. Generate texture vector g, from model

. Sample image below the model shape g;

. Evaluate error vector r = g; — g,,, and error E = |r|

. Compute displacements in pose ot = Ryr

. Compute displacements in texture by = Rgr

. Update pose and texuture parameters with initial £k = 1
. Transform the shape by the estimated parameters

. Repeat step 1-3 to form a new error E

O 0 I O W B~ W N

IfE <E accept the new estimate,

otherwise goto step 6 to try other k=0.5, 0.25, ....

Figure 2.1. An extended AAM matching algorithm
2.3.1 Active Appearance Model

In the AAMs [10], the appearance model is defined by its shape and texture. The shape model is a set of 2D

landmark points represented as a vector s:

S = (xlv'-wxn)yla'”?yn)T . (21)

where (z;,y;) are the coordinates of the i*” landmark point. The texture model is defined by the set of intensity
values of the pixels lying inside the reference shape. These intensity values form a vector t, which represents the
texture model.

The 2D shape and texture are controlled by a statistical model. They can be represented as a base plus a linear
combination of variations:

s =5+ Pgbs 2.2)
t =T+ Piby 2.3)

where bg are 2D shape parameters, and by are the texture parameters.
The combined appearance model contains parameters, ¢, controlling the 2D shape and texture at the same time.

Thus, the new object instance can be generated by

s=5+PW_ P (2.4)



t =+ PyPec 2.5)

where Wy is a diagonal weight matrix between pixel distances and pixel intensities. A simple choice of the
weight matrix is to set W = wl, where w? is the ratio of the total texture intensity variation to the total 2D shape

variation.
2.3.2 Direct Appearance Model

Hou et al. [17] suggested that in some cases it is possible to predict the 2D shape directly from the texture, when

two are sufficiently correlated. From (4) and (5),
bs = PesPl bt (2.6)

where Pjt is the pseudo inverse of P¢. Thus, the 2D shape parameters from the texture can be predicted accu-
rately if the rank of P¢¢ is larger than the number of 2D shape parameters. Hou et al. [17] demonstrated that this
is the case for a face model.

Let Qs = PsW 1PCSP;;, the direct appearance model instance can be generated by
s =5+ Qgby (2.7
t =t + P¢bg (2.8)
2.3.3 An Extended AAM Matching Algorithm

The AAM matching algorithm tries to minimize the residual between the model and image r = g; — g,,,, where
g; is the sampled image below model shape, and g, is the model texture. During the DAM training phase, one
learns the relationships

ot = RtI‘ 5
5bt = Rgr .

Instead of using a traditional approach for AAM matching in [9], we implement a modified AAM fitting algo-
rithm for quicker convergency and better matching accuracy similar to the approach in [35]. The proposed iterative
AAM matching algorithm which predicts shape directly from texture is given in Fig. 2.1.

In our experiments, the AAMs are built up with 140 still face images belonging to 20 individuals, seven images
for each. Each image is manually labelled with 100 points. As shown in Fig. 2.2, the matching experiment

is performed on an AAM with 14 shape parameters, 68 texture parameters, and 36335 color pixels. Fig 2.2



respectively show (a) the original single image, (b) the initialization of our AAM fitting, (c) the result after 10
iterations and the final converged result after 21 iterations. In each case the rendered model images and estimation

errors are displayed in the figures.

(a) Original (b) Initialized

(c) 10 iterations (d) Converged

Figure 2.2. An example of our AAM fitting to a single image. The estimated errors are displayed in

each case.

2.4 Real-Time Non-Rigid Surface Recovery for AR

2.4.1 Overview of Our Solution

Our scheme tries to attack the critical problems of pose and non-rigid shape recovery. Traditional techniques
may be neither flexible and powerful enough for model representations nor efficient enough for real-time purposes.

For tackling the challenges, we solve the problem by a two-stage scheme via AAM techniques:

e We acquire the 2D shape of objects using the AAM fitting algorithm described in Section 2.3 firstly, then

construct the 3D shape basis offline based on the AAM fitting results.

e We estimate the 3D pose and 3D shape parameters online simultaneously via local bundle adjustment by

building up the point correspondences between 2D and 3D.



The above proposed solution differs from the regular approach in [38] which estimated the pose of an object
through point matching. To exploit the representational power of AAMs, instead of matching points between two
frames, we propose a novel approach to setup the point correspondences between the 2D and 3D shape via AAM
fitting to a single image. This procedure needs no manual initialization. The details of our approach are described

as follows.

2.4.2 Offline Construction of 3D Shape Basis

Bregler et al. [6] proposed a solution for recovering 3D non-rigid shape models from image sequences. Their
technique is based on a non-rigid model, where the 3D shape in each frame is a linear combination of a set of basis
shapes. By analyzing the low rank of the image measurements, they proposed a factorization-based method that
enforces the orthonormality constraints on camera rotations for reconstructing the non-rigid shape and motion.
Torresani et al. [36] extended the method in [6] to initialize the optimization process. By using the extended AAM
matching algorithm in Section 2.3, we first acquire the 2D shapes of objects. With the trained 2D shapes, we are
able to construct the 3D shape basis due to the powerful representational capability of AAMs [41].

The 3D shape can be described as a set of key-frame basis S1, So, - - - , Sy, Each key-frame S; is a 3 X n matrix.

The 3D shape of a specific configuration is a linear combination of the following basis set:

m
S=So+» pSi S8R peR (2.9)
i=1
where the coefficients p; are the 3D shape parameters, and S; are the 3D coordinates: S = {Mj, Mg, -+ ,M,}, M; €

R3*1. Under a weak perspective projection, the n points of S are projected into 2D image points (u;, v;):

u1 u2 DY u
"|=R: (Zpisi) +T (2.10)
v1 v2 - Up i=0

R contains the first 2 rows of the full 3D camera rotation matrix, and T is the camera translation. The scale of the
projection is coded in p1,p2, - - , pm. The camera translation T is eliminated by subtracting the mean of all 2D
points, and henceforth one can assume that S is centered at the origin.

If the AAMs are tracked through a sequence of N images, 2D points of the AAM shape in each frame can be
obtained. Let us add a temporal index to each 2D point, and denote the tracked points in frame ¢ as (uf, v}). All

points of AAM shape in all N images are stacked into one large measure 2N x n matrix W. The number of 3D
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Figure 2.4. An example of the first six 3D shape modes (a-f) from an AAM.

shape verities equals to the number of 2D AAM vertices n, it can be rewritten as follows:

11 1
ul U2 A Un - - - -
) ) ) Ri plR1 - pLRy So
e R, p°R 2R S
2 b1 T Py 1
W = : : : : = : (2.11)
I
Ry p)Ry -+ pNRy Sm
N N N L 1 L .
L Ul U2 A U?’l | H/_/
M B

where M is a 2N x 3(m + 1) scaled projection matrix and B is a 3(m + 1) X n shape matrix. In the noise-free
case, W has a rank ~ < 3(m -+ 1), which can be factorized into the product of a 2N x 3(m + 1) matrix M and a
3(m + 1) x n matrix B. This decomposition is not unique, which can be determined by a linear transformation.

Any non-singular 3(m + 1) x 3(m + 1) matrix G and its inverse could be inserted between M and B. In addition,

11



their product still remains equal to W. Namely, we have the following equations
M=M-G (2.12)
B=G ' B (2.13)

where the corrective matrix G can be found by solving a least square optimization problem [6]. Thus, given
2D tracking data W, a non-rigid 3D shape matrix with r degrees of freedom can be estimated, along with the
corresponding camera rotations and configuration weights for each time frame.

In our experiments, we implement the AAM matching algorithm given in Section 2.3 and run it to fit the short
video sequences of of 20 individuals (2678 frames in total). The training results are employed to construct the 3D
shape basis in our experiments. Fig. 2.3 shows an example of the computed 3D mean shape modes of three views

from AAM. Fig. 2.4 shows the first six 3D shape modes from an AAM.
2.4.3 Real-Time Non-Rigid Surface and Pose Recovery for AR

To make it flexible and general for wide applications, we employ the perspective camera model, in which a 3D

point Q is re-projected based on the 2D point q:
q=A[R|T]-Q

where the camera rotation matrix R and the translation vector T estimated from the current frame are expressed
in the object coordinate system, and A is the intrinsic camera matrix. The intrinsic parameters of the camera
can be calculated offline. This does not require to be done precisely, and typically an approximate configuration is
sufficient. Hence, we can assume the intrinsic parameters are fixed. Moreover, in order to allow some deformation,
the rigid shape model is replaced by the 3D linear shape model. We now describe how to in real-time estimate the
3D pose parameters and non-rigid shape parameters simultaneously.

Given the constructed 3D shape basis via AAM training algorithm, we can build up the 2D-3D correspondences.
Based on the established correspondences, an efficient way for estimating the parameters of camera position and

the 3D shape coefficients can be turned into minimizing the re-projection error:

Ir{{lg}pp (s,¢ (A[R|T],S)) (2.14)

LetS =Sq + Zfil D;Si, the optimization problem can be written as

nin p (s, ¢ (A[R\T], So + Zm&)) (2.15)

=1

with respect to the orientation and translation parameters R and T, where

12



e p is the robust M-estimator [27] in consideration of outliers which can be given as follows:

| B EPRL bz o6
%2, lu| > «

e ¢ (A[R|T],So + >, piSi) denotes the projection of 3D shape given the parameters A, R and T.

The above optimization procedure can converge quickly within a couple of iterations when it begins with a

good initial estimation.
2.5 Experimental Results

2.5.1 3D Face Tracking and Augmented Reality

(a) (b) (©

(d) (e) )

Figure 2.5. Tracking faces using proposed method in the augmented video sequences, the axis in

the displayed frames indicates the current 3D pose of tracked subject.

The results of estimated 3D shapes of two individuals are depicted in Fig. 2.5, which are extracted from two
video clips with total 300 frames. We can see that the 3D shapes are successfully fitted to the face image. The face
deformation can be well described by 6 3D shape parameters, for example, fitting to different individuals with the

same AAM model in Fig. 2.5(a-f). The algorithm can handle large pose variations and displacements, as shown in

13



Fig. 2.5(a,b,e,f). Fig. 2.5(a,c) revealed that the proposed approach can handle tilt pose, and Fig. 2.5(d-f) displayed
the results which deal with out-of-plane rotation. In each result image, the axis indicates the current orientation
and translation. Since the intrinsic and extrinsic camera matrices are computed, the virtual rigid and deformable
objects can be inserted into the scene. Fig. 2.6 shows that a rigid virtual glasses and a deformable beard are
added into the video sequences. From the results, we can observe that the beard can be deformed along with the
expression changes. The added virtual objects are tightly overlaid on the subject. We use the results of previous
frames as the initial values for the optimization, thus, only 3-4 iterations per frame required for AAM convergence.

Since no relation with image information, the 3D pose and 3D shape parameters are computed efficiently.

(a) (b) ()

Figure 2.6. Adding glasses and beard to the subject in the augmented video sequence, the beard is

deformed along with the expression changes.

Fig. 2.7 plots the re-projection error in the online non-rigid shape recovery step when varying number of 3D
shape basis m. The experiment is performed on a video clip with 65 frames. As shown in Fig. 2.7, large error
occurred only rigid shape is used for pose estimation, and the error reaches 700/100 = 7 per point. The re-
projection error decreases significantly when introducing the 3D linear shape model, additionally, it becomes
smaller when m grows up. When six 3D shape basis are used, the average re-projection is below 100/100 = 1
each point. However, large number of nonlinear parameters would affect the convergence speed of the object
function, there is a trade-off between the accuracy and efficiency. Furthermore, large number of 3D shape basis

may decreases the number of optimization iterations.
2.5.2 Re-texturing Faces

We also apply the proposed method for re-texturing a human face. The scheme of the whole system is shown
in Fig. 2.8. In order to demonstrate our proposed nonrigid shape and pose recovery approach is effective and

promising for generating novel view and 3D facial animation purposes, we first map the recovered 3D nonrigid
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Figure 2.7. The re-projection error with various number of 3D shape basis

Figure 2.8. Overview the method for re-texturing a face
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shape into high resolution mesh via interpolation [30], then render the novel views by mapping different texture

and with different poses.

Scattered Data Interpolation

As non-rigid 3D face shape and pose are computed from the 2D shape fitted by the AAMs, the 3D facial feature
points are extracted. We can use these points to deform a generic 3D mesh with a large number of vertices. A
smooth interpolation function gives the 3D displacements between facial point positions and the newly adapted
positions for every vertex in the target mesh. Constructing such an interpolation function is a standard problem in
scattered data interpolation [30]. Given a set of known displacements u; = p; — p{ away from the original position
p? at every constrained vertex 7, we can construct a function that gives the displacement u; for every unconstrained
vertex j. A smooth vector-valued function f(p) is fitted to the known data u; = f(p), from which the unknown

data u; can be computed via u; = f(p). In [32], a function is engaged:
fp)=>_cid(llp —pill)
i
s.t. Z ci=0
i
> e ~0
i

where ¢(r) = e(~7/250) are radially symmetric basis functions.

Texture Extraction

Extracting the texture maps is necessary for rendering photo-realistic images of a reconstructed face model for
various viewpoints [15]. After the pose and 3D face mesh are computed, we use an approach similar to the

method [32] to generate a texture map

Results

Fig. 2.9 shows rendered enlarged novel view rotated from the current pose by 20° on Y-axis.

Fig. 2.10 shows the experimental result by replacing face texture of a person with anther person. In the Fig. 2.10,
the top left one is the modelled person and the bottom left is the constructed 3D mesh in which 3D pose information
is available; the top right one is the front face of the replaced person and the bottom right shows the generated
results by replacing the texture using the built 3D model and 3D pose parameters. The generated view fits well on

the 3D model. But one may find the skin is not smooth since we do not consider the lighting condition; this can
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Figure 2.9. The synthesis result using different facial texture

be easily improved by adding smooth operations and lighting adjustment. But the experimental results can answer

our question that our constructed 3D model are effective and promising for 3D facial animations.

& 3

Figure 2.10. The synthesis result using different facial texture

2.5.3 Computational Complexity

We evaluate the computational cost of the proposed method on a Pentium III 1GHz CPU. It runs at 200ms per
image of size 352 x 288. AAM fitting takes 40ms and 3D recovery step takes 74ms. The AAM with 10 shape
parameters, 52 texture parameters. The non-rigid shape recovery step with 6 camera parameters and 6 3D shape

parameters.
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2.6 Discussions

In this section, we discuss several major differences and advantages of our proposed scheme compared with
previous work from several aspects in which we show that our proposed scheme is particularly flexible and pow-
erful for augmented reality applications. Finally, we also mention the disadvantages and some improvements in
our future work.

Rigid vs. Non-Rigid. The prior model employed by L. Vacchetti et al. [38] is only for rigid objects or
deformable objects with small variations. P. Mittrapiyanumic et al. [29] do not take full advantage of AAM’s
deformation power, the AAM is just used to estimated the 3D pose of rigid objects. The proposed method can deal
with 3D deformation through introducing 3D linear shape models. In addition, large variation can be obtained
by increasing the number of 3D shape basis. The facial feature can be located accurately by the power of AAM
fitting, thus, the added virtual beard can be deformed with the facial expressions in Fig. 2.6. The novel view can
be generated from the current view, even the facial texture of different individuals can be exchanged, as shown in
Fig. 2.10. Additionally, the proposed approach provides a solution for building the 2D-3D correspondence from
single image. Thus, the tracker can be initialized without manual intervention. In addition, the failure can be
recovered automatically.

Offline vs. Online. Many methods [6, 36] have been presented for offline non-rigid shape recovery from image
sequences through factorizing analysis on the 2D tracked points. Different from these approaches, our proposed
method is able to work online by exploiting the 3D shape models that can be constructed offline effectively by
using AAM tracking. This enables us to online acquire 3D non-rigid shape and pose which can be applicable for
many AR applications.

Advantages for AR applications. In [41], the model and the fitting algorithm are person specific. The
generic AAM is slower than the person specific AAM, but provides good accuracy in the case of large texture
variations[14]. In addition, the inverse compositional update strategy is good for smooth shape, and not for the
non smooth ones. The proposed extended AAM is a generic model with additive update method rather than person
specific model with inverse compositional approach. Thus, it can handle large texture variations, fitting to different
individuals. The weak-perspective model used in “Combined 2D+3D AAM” is not suitable for augmented reality
applications, moreover, the optimization procedure of the algorithm is complicated. We optimize AAM and 3D
pose parameters respectively. Virtual objects can be added to the scene by the estimated camera, orientations
and translations information. In addition, the proposed approach is more flexible. The AAM fitting step can be

replaced with other algorithms, such as Active Shape Models based approaches [27].
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Disadvantages and Future Work. The proposed approach does not take full advantage of 3D information for
speeding up AAM convergence. The accuracy of AAM fitting is critical to the 3D pose output. Large rotation may
be compensated by the 3D linear mode, therefore, the estimated pose is not so accurate. In the future, problem

mentioned above will be solved by training the 3D AAM with the aligned 3D shapes instead of 2D shapes.

2.7 Summary

In this chapter we presented a novel scheme for non-rigid shape recovery in real-time augmented reality ap-
plications. Our scheme first builds the 3D shape models offline using an effective AAM algorithm. Given the
constructed 3D shape models, an efficient online algorithm is suggested to estimate both the 3D pose and non-
rigid shape parameters simultaneously. One of our main contributions is the introduction of 3D linear shape model
to estimate the 3D pose parameters and non-rigid shape simultaneously via local bundle adjustment. Moreover,
we suggested an updating scheme to predict the shape directly from texture that can improve the accuracy of
AAM searching. The promising experimental results validate our proposed scheme is effective for real-time AR

applications.
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Chapter 3

Progressive Finite Newton Approach

In this chapter, we propose a novel progressive finite Newton optimization scheme for the nonrigid surface detec-
tion problem, which is reduced to only solving a set of linear equations. We have conducted extensive experiments
for performance evaluation on various environments, whose promising results show that the proposed algorithm

is more efficient and effective than the existing iterative methods.
3.1 Motivation

The detection and tracking of the nonrigid objects in images and videos is an interesting and beneficial research
issue for computer vision and image analysis [2, 33, 37]. The goal of nonrigid surface detection is to extract the
deformable shape’s structure from an input image. The difference between nonrigid surface recovery and detection
is that the latter does not require any initialization or a priori pose information. An effective nonrigid surface
detection technique can be applied in a variety of applications for digital entertainment, medical imaging [2] and
augmented reality, such as the re-texturing of images and videos [39, 40].

Nonrigid surface detection can usually be treated as the problem of recovering the explicit surface with a few
deformation parameters and finding out the correct correspondences from noisy data simultaneously. Many ap-
plications have been investigated for deformable object tracking and registration, such as face tracking and mod-
elling [9, 41, 42, 4, 11], and also more generic and more deformable objects [2]. The major problem of these
methods is that they tend to be computationally expensive and mainly aim at object recognition and image seg-
mentation tasks rather than nonrigid surface recovery. However, a real-time and automated solution [33] has
recently been proposed, which takes advantage of an iterative robust optimization scheme.

Unlike the rigid object pose estimation, it is difficult to directly employ a robust estimator, such as RANSAC [12]

or Hough transform [16], to remove the spurious matches for nonrigid surface detection. Because the nonrigid
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surface is usually highly dynamic and represented by many deformation parameters, the problem is far more com-
plex than the rigid object detection. Moreover, it requires a sufficient number of correct correspondences in order
to obtain high registration accuracy. An alternative strategy is to iteratively solve for both the correspondence and
the transformation [3, 33]. However, these methods are either sensitive to initial conditions and parameter choices,
or involve too many iterations and a complex optimization procedure. Consequently, they are neither efficient nor

effective for real-time applications.

(b) T-shirt

(c) Cover (d) Paper

Figure 3.1. Detecting nonrigid surfaces in real-time video (a-d). (a) The contour is overlaid on the
Starbucks pad. (b) T-shirt with shadow. (c) The cover of a magazine. (d) A piece of paper with

specular reflection.

3.2 Overview

In this chapter, we propose a novel progressive finite Newton optimization scheme for nonrigid surface de-

tection, which has the advantage of solving only a fixed number of linear equations. Moreover, a progressive
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sample scheme far more efficient than RANSAC is proposed to initialize the optimization process. The previ-
ous method [33] is currently generally accepted as the most effective methods of solving this kind of problem.
It employs an implicit iterative scheme for the first order partial differential equation; however, this requires a
large number of iterations to solve the problem and remove the outliers simultaneously. We tackle this critical
problem from two angles. First, the nonrigid surface detection is formulated as an unconstrained quadratic op-
timization problem, which has a closed-form solution for a given set of observations. Thus, it can be efficiently
solved through LU factorization. Then, a progressive sample [8] scheme is employed to initialize the optimization
scheme, which can decrease the number of trials significantly. Therefore, the present approach requires much
fewer iterations than the semi-implicit iterative optimization scheme [34]. Thus, the proposed method is very
efficient for real-time nonrigid surface recovery tasks. To evaluate the performance of our proposed algorithm, we
conduct extensive experiments on such diverse objects as a Starbucks pad, a T-shirt, and the cover of a magazine,
as shown in Fig. 3.1.

The rest of this chapter is organized as follows. Section 2 reviews the previous approaches employed for the
nonrigid surface detection and recovery. In Section 3, we present the proposed progressive finite Newton solu-
tion. Section 3.1 describes the nonrigid surface model and mapping function for a feature matching-based method.
Section 3.2 presents the object function which minimizes the correspondence errors and surface energy. A robust
estimator is introduced to deal with the large outliers. In Section 3.3, the nonrigid surface detection is formulated
as an unconstrained quadratic optimization problem, which is efficiently solved using the factorization method.
Section 3.4 presents the progressive finite Newton optimization scheme to remove the spurious correspondences,
and the progressive sampling method to initialize the optimization. Section 4 provides the details of our experi-
mental implementation and describes our experimental results. We discuss limitations and future work in Section

5. Section 6 summarizes this chapter.

3.3 Related Work

Although nonrigid surface detection in general is not new to researchers in the computer vision domain, only
a few approaches are automatic and can achieve real-time results. Some appearance-based approaches directly
minimize the residual image between the input image and the synthesized model image [9]. Moreover, optical
flow information [11, 2] can be incorporated into the optimization scheme to obtain better results. However,
the major limitation of these methods is that they tend to become stuck at a local minimum and hence require
good initialization. In addition, it is usually difficult to handle the partial occlusion for an appearance-based

method. Well-designed markers widely used in motion capture are also applied to recover the structure of a
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nonrigid surface, such as cloth and paper [40, 39]. As these methods rely on the physical markers, they require
the placing of pre-defined patterns on the target surface. Nevertheless, they are capable of high accuracy. On the
other hand, feature-based methods [3, 33] try to find out the transformation from the correspondences built by
feature matching methods. Thus, these methods can benefit from the recent advances in the feature detection and
matching. In [33, 34], J. Pilet et al. proposed an iterative approach to attack the fast nonrigid surface recovery
problem. Physical constraints based on the Finite Element Model [37] are employed for regularization. A semi-
implicit iterative scheme is proposed to solve the optimization problem.

Recently, several sophisticated feature descriptors [25, 28] have been proposed to handle the wide-baseline
matching problem, including images with large deformation [24]. In addition, machine learning methods, such
as random classification trees [23], are also employed to find the point correspondences. These methods can take
advantage of shifting part of the computational load from the matching phase to the training phase.

It is more complex to handle a large amount of deformation parameters for detecting the nonrigid surface rather
than only a few pose parameters used in rigid object detection. Therefore, there are several challenges when
applying conventional robust estimators, such as RANSAC and M-estimator, for the nonrigid surface detection
task. One is the lack of a concise function which can estimate the deformed mesh from the correspondences
directly; instead, one may need to use a large number of free variables, which can lead to a high computational
cost for each prediction step. Obviously, the semi-implicit iterative approach [33] is not efficient enough to deal
with this problem. Another challenge is that the RANSAC-based approach requires a large number of trials.
This makes the problem even more complex. Moreover, to the best of our knowledge, there is still a lack of
criteria for selecting the number of samples for each trial in nonrigid surface detection. In rigid object pose
estimation, the sample number is usually set according to the number of free parameters. However, the number
of deformation parameters for a nonrigid surface may be larger than the total number of observations. We tackle
the initialization problem through a modified RANSAC method. The key is to draw from progressively larger
sets of top-ranked correspondences [8], rather than to treat all correspondences as equal and draw random samples
uniformly from the full set in RANSAC. Thus, our progressive sample scheme affords large computational savings,
and the conventional robust estimator can be engaged for initializing the nonrigid surface detection.

In contrast to the previous work, our proposed approach is based on a progressive finite Newton scheme, in
which the optimization problem can be solved very efficiently by a factorization method. In addition to offer-
ing computationally highly competitive performance, our proposed modified RANSAC initialization method can

further reduce the number of Newton optimization steps.
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3.4 Nonrigid Surface Detection

In this section, we describe the present progressive finite Newton optimization scheme for detecting and re-
covering the nonrigid surface. For tackling the challenges, a mapping function is used to associate the feature
correspondences with a mesh model. Therefore, the nonrigid surface detection turns out to be a problem which
minimizes the correspondence error and the surface energy. Moreover, we formulate the nonrigid surface detection
into an unconstrained quadratic optimization problem. A progressive scheme is proposed to deal with outliers and
find out as many correct correspondences as possible. Finally, a modified RANSAC scheme is introduced to select

the initial active set for the optimization scheme.
3.4.1 2D Nonrigid Surface Model

The nonrigid surface is usually explicitly represented by triangulated meshes. As shown in Fig. 3.1(c), we
employ a triangulated 2D mesh with N hexagonally connected vertices, which are formed into a shape vector s as

below:

o =[x

- [$1 r2 ... IN Y1 Y2 ... YN

where x and y are the vectors of the coordinates of mesh vertices. We assume that a point m lies in a triangle
whose three vertices’ coordinates are (z;, y;).(z;,y;) and (z, yx) respectively, and {i, 7, k} € [1, N] is the index
of each vertex. The piecewise affine transformation is used to map the image points inside the corresponding

triangle into the vertices in the mesh. Thus, the mapping function 7's(m) is defined as below

i Ty T
Ts(m) = T [ SERSINS } 3.1
Y Y; Yk

where (&1, &2, £3) are the barycentric coordinates for the point m.
3.4.2 Nonrigid Surface Recovery

In general, the nonrigid surface detection problem approximates a 2D mesh with 2N free variables, which is
usually ill-posed. One effective way to attack this problem is to introduce regularization, which preserves the
regularity of a deformable surface. The following object function is widely used in deformable surface fitting [18,
20, 33, 34] for energy minimization:

E(s) = Ec(s) + A\ Er(s) (3.2)
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where E,(s) is the sum of the weighted square error residuals for the matched points. Also, E,(s) is the regular-
ization term that represents the surface deformation energy, and \, is a regularization coefficient.

A set of correspondences M between the model and the input image can be built through a point matching
algorithm. Therefore, a pair of matched points is represented in the form of m = {mg, m; } € M, where my is
defined as the 2D coordinates of a feature point in the training image and m; is the coordinates of its match in the
input image. Then, the correspondence error term E,(s) is formulated as below:

E.(s) = Z wmV(0,0) (3.3)

meM

where V(4, o) is a robust estimator, and wy, € [0, 1] is a weight linked with each correspondence.
The regularization term F, in Equ. 3.2, also known as internal force in Snakes [20], is composed of the sum
of the squared second-order derivatives of the mesh vertex coordinates. As the mesh is regular, F,(s) can be

formulated through a finite difference:

K 0
E.(s) = s' s (3.4)
0 K

where K is a sparse and banded matrix which is determined by the structure of the explicit mesh model [13].
3.4.3 Finite Newton Formulation

In this chapter, we employ a robust estimator V(d, o) with compact support size o. Moreover, ¢ is the residual
error, which is defined as follows:

0= mi — Ts(m()) (35)

The robust estimator function V(4, o) that assesses a fixed penalty for residuals larger than a threshold o is

employed in the present work; this approach is relatively insensitive to outliers [5]:

L ay = {m| [|8]] < 02}

V(,o)=4 7 (3.6)
o2, My = M;
where the set M7 contains the inlier matches, and M5 is the set of the outliers. In addition, the order n determines
the scale of the residual. As shown in Fig. 3.2, the most correspondences are included when the support ¢ is large.
As o decreases, the robust estimator becomes narrower and more selective.
Since the robust estimator function is not convex, the associated penalty function approximation problem be-

comes a hard combinational optimization problem. We tackle this problem under the finite Newton optimization

framework. An augmented vector t € R containing the barycentric coordinates is defined as below:
ti=&§ t;j=&§ t,=§
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7

Figure 3.2. The robust estimator that assesses a fixed penalty to residuals larger than a threshold o.

while the remaining elements in the vector t are all set to zero. Therefore, the residuals for the inlier correspon-

dences can be rewritten as follows:

1]

(u—t"%)%+ (v—t"y)?

u? + 0% — 2(uth + vtTy) +xtt'x+y tt'y

where (u, v) are the coordinates of m;. Therefore, the error term in Equ. 3.3 turns out to be

.
ut tt' 0
E. = Z w—r: u? 4+ 0?2 s+s' s | 4+ qo?™"
o vt 0 tt!

meM;

where ¢ is the number of outliers.

Let b € RN be defined as below:

and a matrix A € RV*V is equal to

3.7

(3.8)



Thus, the energy function Equ. 3.3 is formulated into an unconstrained quadratic optimization problem, which can

be solved by the modified finite Newton method [26, 22].
MK+ A 0

E=s' s—2b's+qo? "+ Z w—r:(u2+02)
0 )\T‘K + A me My g

The finite gradient of the energy function E with respect to s can be derived as below:

MK+ A 0 b,
V=2 s — (3.9
0 AE+A b,

and the Hessian [5] can also be computed by

MK + A 0
H=2 (3.10)
0 MK + A

Thus the gradient can be rewritten as below:
V =Hs—-2b
Each Newton step will perform the following operation:
s<—s—7H_1V (3.1D)
where + is the step size. Substitute the Equ. 3.9 into Equ. 3.11, we can obtain the equation as follows:
s— (1—9)s+2yH 'b
Thus, the update equation can be computed by
— (L= 7)x+\E + A b,

y — (1 =)y +7[\K + A 'b,

In our experiment, we simply set v equal to one, and no convergence problem occurs in our experiments.

Therefore, the new update equation can be derived as below:
Hs=b (3.12)

Substitute the Equ 3.10 into Equ 3.12, we find that update of the state vector s can be computed by the following

linear equation:
MK+ A 0 b,

0 MK+A by
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Since K is regular, the problem can be further simplified into two linear equations which can be efficiently

solved via LU decomposition:

x = (\MK + A) " 'b, (3.13)

y =K+ A)'b, (3.14)

The overall complexity is thus the complexity of one Newton step. Moreover, the complexity of one step for the

proposed method is same as [19].
3.4.4 Progressive Finite Newton Optimization

Generally speaking, the incorrect matches cannot be avoided in the first stage of the matching process where
only local image descriptors are compared. We introduce a coarse-to-fine scheme to deal with those outliers.
The support o of robust estimator V(d, o) is progressively decayed at a constant rate «. Since the derivatives of
V(0,0) are inversely proportional to the support o, the regularization coefficient \, is kept constant during the
optimization. For each value of o, the object function F is minimized through the finite Newton step and the
result is employed as the initial state for the next minimization. The minimization of E is directly solved through
Equ. 3.13 and Equ. 3.14 for a given initial state, and one step is enough to achieve convergence. The optimization
procedure stops when o reaches a value close to the expected precision, which is usually one or two pixels. The
algorithm reports a successful detection when the number of inlier matches is above a given threshold. Thus, the
whole optimization problem can be solved within a fixed number of steps. This is in contrast to the semi-implicit
optimization scheme [34], which involves a few iterations for each o, and at least 40 iterations in total to ensure
the convergence.

In order to select most of the correspondences into the initial active set and avoid getting stuck at local minima,
the initial value of o is usually set to a sufficiently large value. However, this requires a fixed initial state. The
method is dependent on the object position, and needs a few iterations to compensate for the errors generated by
the pose variations. In the present work, we solve this problem through a modified RANSAC approach. Taking
advantage of our concise finite Newton formulation and closed-form solution, the explicit mesh can be directly
estimated from a given set of correspondences. Moreover, we draw from progressively larger sets of top-ranked
correspondences, which decreases the number of trials significantly. In the experiments, the sampling process
stopped within 5 trials. In the worst case, such as when an object does not appear in the scene, it still converges
towards RANSAC. Therefore, the output of the proposed progressive sample can be employed as the initial state

for the finite Newton optimization. Since the result of progressive sample estimation is quite close to the solution,
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(a) Model image (b) Result (c) Result (d) Result (e) Plastic cup

Figure 3.3. We use a Starbucks pad as the deformable object. The model image is shown in (a) the
contour of the model image is extracted using a simple gradient and filling operator, which is overlaid
on the input image. (b) to (d) show the results. (e) shows the result where the pad is replaced by
a plastic cup. The model contains 120 vertices, and the whole process, including image capturing
and rendering, runs around 18 frames per second. More results are included in the supplementary

material.

o is relatively small. Thus, the proposed progressive scheme requires fewer stages, and is somewhat invariant to

the initial position.
3.5 Experimental Results

In this section, we discuss the details of our experimental implementation and report the results of performance
evaluation on nonrigid surface detection. We show that the proposed approach is very efficient for real-time
tracking, and can be easily employed for augmented reality applications. In addition, same convincing results are

obtained for medical image registration, even with missing data.

3.5.1 Experimental Setup

In order to register the mesh model conveniently, a model image is acquired when the nonrigid surface contains
no deformation. In order to facilitate real-time augmented reality applications, a random-trees based method [23]
is used to build the correspondences between the model image and input image.

Since the number of free variables for nonrigid surface recovery is usually quite large (even up to one thousand),
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the sample size of each RANSAC iteration becomes a tricky issue. We compare the performance with different
sample sizes. In our experiments, the support o is empirically set to 30, and A, is set to a large value to ensure
the regularity of the nonrigid surface. Interestingly, we find that the best sample size is three. This is because the
nonrigid surface degenerates into a rigid one, and only three points are necessary to determine the position of a
rigid surface. Moreover, when the sample size increases, the probability of selecting the inlier data is decreased.
Thus, three is the best choice for the sample size.

In the finite Newton optimization, the weighting scheme is beneficial for a single step. However, it changes the
scale of the error term in the object function, and so the regularization coefficient A, is no longer kept constant
during the optimization. In our experiments, all weight coefficients w are set to one. A set of synthetic data is
used to select the parameters, and the reference mesh is manually registered. The performance is evaluated by the
percentage of mesh vertices within 2 pixels of those in the reference mesh. The best regularization coefficient is
found to be around 3 x 10~ by grid searching. Similarly, the initial support oy is set to 80, and decay rate  is
0.5. Fig. 3.4 plots the success probability with different orders n of the robust estimator function. Based on these

results, n is set to 4.
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Figure 3.4. Probability of success with different order n of the robust estimator function.

All the experiments reported in this chapter were carried out on a Pentium-4 3.0GHz PC with 1GB RAM, and
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a DV camera was engaged to capture video. We also implemented a semi-implicit iterative method [34], which is

regarded as the state-of-the-art approach.
3.5.2 Computational Efficiency

The complexity of the proposed method is mainly dominated by the order of Equ. 3.13 and Equ. 3.14, which is
equal to the number of vertices IV in the mesh model. Another important factor is the number of inlier matches,
which affects the sparseness of matrix A. This usually differs from one frame to another. For the Starbucks pad
with 120 vertices, as shown in Fig. 3.3, the proposed method runs at 18 frames per second on real-time video with
size of 720 x 576. As depicted in Table 3.1, the proposed optimization scheme requires around 8 iterations and
only takes half of the time of the feature matching algorithm, which is the bottleneck of the whole system. Our
implementation ! of semi-implicit iterative approach [34] needs around 40 iterations to reach the convergence, and
runs about 9 frames per second. The improvement is more significant for high resolution mesh. Thus, the proposed
method requires far less iterations, and is efficient for real-time applications. We also conduct the experiments
without using the modified RANSAC initialization, and start the optimization scheme from a sufficiently large
support 0 = 1000. This requires 11 iterations, and the fitting accuracy is worse than the proposed method. In
addition, the modified RANSAC initialization can also be used for a semi-implicit method, in which case the

number of iterations is reduced to around 25.

Table 3.1. Computational time of proposed method at each step.

Total | Match | Optimization | Iteration | Other

57ms | 27ms 14ms ~ 1.9ms | 16ms

3.5.3 Performance of Nonrigid Surface Recovery

We use a Starbucks pad as the deformable object. As shown in Fig. 3.3, the proposed method is robust to
large deformations and perspective distortion. In practice, the whole process runs at around 18 frames per second.
Fig. 3.6 describes the result of detecting a piece of paper, where similar performance is achieved. As another
feature-based method, the performance of the proposed method is closely related to the texture of objects. Better

results can be obtained for objects with more texture, because it is easy to find more correct correspondences than

"'We use the same parameters setting as [34]. The convergence condition is set to 0.9995, with at most 5 iterations for each support

value o.
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with those lacking texture. This problem may be solved by incorporating global appearance and edge constraints

b4

into the optimization scheme.

Figure 3.5. Re-texturing of a shirt print. The first row and third row show the 720 x 576 images
captured by a DV camera. The second row and forth row show the results of replacing the bunny

with the CVPR logo.

3.5.4 Augmented Reality

Once the nonrigid surface is recovered, an immediate application is to re-texture an image. In order to obtain

realistic results, the texture should be correctly relighted. As suggested in [34], a re-textured input image is
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Figure 3.6. Re-texturing a picture on a piece of paper. The first row is the 720 x 576 images captured

by a DV camera. The second row is the results of replacing the picture with the CVPR logo.
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generated by directly multiplying a blank shaded image, which is the quotient of the input image and the warped
reference image. The reference image is acquired when the nonrigid surface is lighted uniformly. Moreover,
the quotient image is normalized through multiplying the intensity of white color in the reference image. This
relighting procedure is easily done by the GPU and requires only a short OpenGL shading language program; and
the whole process runs at about 17 frames per second. Fig. 3.5 shows the results of re-texturing a T-shirt with
a Lambertian surface. It is difficult to estimate a blank shaded image due to dividing near zero intensity values
and the use of an uncontrolled optical sensor. However, the visual effect is that the bunny in the input video is
re-textured by the CVPR logo. For a specular surface, Fig. 3.6 describes the results on a piece of paper with a

saturated region. In addition, the right two columns of Fig. 3.6 show the results in a cluttered environment.

3.5.5 Medical Image

We also evaluate the proposed approach for medical image registration. A pair of sagittal images [31] with size
of 256 x 256 from two different patients are used in the experiments. The source and target images differ in both
geometry and intensity. The results are plotted in Fig. 3.7; it can be seen that the source image is successfully
registered. In comparison with the locally affine but globally smooth method [31], which takes about 4 minutes,
our proposed method only needs 0.2 seconds. Moreover, the sparse correspondences based method can naturally
handle the missing data and partial occlusion problem. As shown in the second row of Fig. 3.7, the source images

with a region removed, the nonrigid shape can still be recovered.

3.6 Discussions and Future Work

We have proposed a novel scheme for non-rigid surface detection by progressive finite Newton optimization. In
comparison with semi-implicit optimization methods [34], the proposed method has several advantages. First, we
need not solve the optimization iteratively for every o, because it can be solved in one step directly. Second, the
iterative method starts from a sufficiently large support value in order to estimate the location and pose of an object,
which leads to a large number of iterations. Thus, the proposed method is far more efficient than the semi-implicit
method. Additionally, it is easy to implement the proposed approach, which only involves solving the sparse
linear equation, and does not require tuning the viscosity parameters and a sophisticated Levenberg-Marquardt
optimization algorithm.

Although promising experimental results have validated the efficiency of our methodology, some limitations
and future directions should be addressed. First of all, some jitter may occur due to the point matching algorithm

or the lack of texture information. Also, we have focused our attention only on single deformable surface detection,
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(a) Source (b) Target (c) Before

(d) Registered (e) Registered (f) After

Figure 3.7. Applying the proposed method to medical image registration. A pair of sagittal images
from two different patients is shown. (a,b,e) are the source, target and registered source respectively.
(d) is the registered source with mesh model. (c) and (f) are the overlaid images before and after

registration. The second row displays the synthetic example with missing data.
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whereas it is also interesting to study the multiple case. In future work, global bundle-adjustment will be introduced
to tackle the jittering problem. Furthermore, an efficient octree structure can be used to build a simplified multi-
scale mesh model. Finally, we may consider extending the proposed scheme to 3D environments and exploring

new regularization methods.

3.7 Summary

This chapter presented a novel progressive scheme to solve the non-rigid surface detection problem. In contrast
to the previous approaches involving iterative and explicit minimization, we proposed a progressive finite Newton
algorithm, which directly solves the unconstrained quadratic optimization problem by an efficient factorization
method. Moreover, our modified RANSAC scheme takes advantage of our concise formulation and progressive
sampling of the top-ranked correspondences, and can handle high-dimensional spaces with noisy data.

We have conducted extensive experimental evaluations on diverse objects with different materials. The pro-
posed method is very fast and robust, and can handle large deformations and illumination changes. It was tested
in several applications, such as real-time Augmented Reality and medical image registration. The promising ex-

perimental results showed that our algorithm is more efficient and effective than previous methods.
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Chapter 4

Conclusion

In this report, two different approaches have been proposed to tackle the nonrigid surface modelling and recovery
problem. First, an appearance-based approach with a two-stage scheme is presented for online 3D facial features
and pose estimation, which employs the PCA based regularization method. Second, a fast and automated nonrigid
surface recovery method is proposed, which takes advantage of the progressive Newton optimization method.
Moreover, this approach is based on the feature correspondences; and the surface deformation is constrained by a
physical model.

In contrast to the feature-based methods, the appearance-based approach may tend to be computational expen-
sive and require good initialization. However, it will be probably more accurate than the feature-based methods,
and has the representation capability. On the other hand, compared with the appearance-based methods, the fea-
ture based approach is fast, which is able to take advantage of the recent advance in object recognition. Moreover,
the efficient and automated solution has already been proposed in literature. In future, the fusion approach will be

studied, which may take the advantage of both the global appearance information and local features.
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